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widely	 covered	 in	 the	 systematic	 conservation	 planning	 literature	
(Barnes,	Glew,	Wyborn,	&	Craigie,	2018;	Margules	&	Pressey,	2000).	








































predictors	 at	 the	 respective	 locations,	 and	 project	 a	 probabilistic	

















Fourcade,	 Besnard,	 &	 Secondi,	 2018;	 Pearson	 &	 Dawson,	 2003),	
and	 those	 that	are	beyond	 the	actual	purpose	of	SDMs	 (Araújo	&	
Peterson,	2012).
Species	 distribution	models	 require	 rigorous	 testing	 for	meth‐
odological	 issues	 and	 statistical	 shortcomings	 (Record,	Fitzpatrick,	
Finley,	Veloz,	&	Ellison,	2013;	Tulloch	et	al.,	2016).	Given	that	spatial	
conservation	plans	incorporate	spatial	information	among	planning	
units,	 it	 is	 obvious	 that	 SDMs	 that	 yield	 the	 conservation	 feature	
data	 should	make	use	of	 the	 same	 information.	However,	 the	 few	
studies	that	modelled	and	used	species	distributions	for	conserva‐
tion	 planning	 are	 typically	 not	 accounting	 for	 such	 spatial	 depen‐
dencies	 (e.g.,	 in	 the	 terrestrial	 (Rondinini	 et	 al.,	 2011),	 freshwater	
(Esselman	&	Allan,	2011)	and	marine	realms	(McGowan	et	al.,	2013),	
but	 see	White,	Schroeger,	Drake,	and	Edwards	 (2014)).	The	disad‐







given	species	 in	neighbouring	planning	units.	 In	contrast,	 the	opti‐
mization	 of	 the	 spatial	 conservation	 plan,	 that	 is,	 the	 selection	 of	
planning	 units,	 does	 account	 for	 the	 spatial	 relation	 among	 them,	
favouring	neighbouring	ones	over	those	that	are	far	apart.
In	 contrast,	 spatially	 explicit	 SDMs	 (“spatial	 SDMs”)	 account	
for	the	proximity	and	mobility	(i.e.,	connectivity)	in	species	popula‐
tions.	Hence,	they	provide	more	powerful	 inference	about	species	
distributions	 and	 niche	 relations	 (Latimer	 et	 al.,	 2006;	 De	Marco,	
Diniz‐Filho,	&	Bini,	 2008).	 Incorporating	 the	 assumption	of	 spatial	
dependencies	 in	 the	 data	 has,	 therefore,	 the	 potential	 to	 provide	
more	robust	SDM	predictions	(Guisan	&	Thuiller,	2005;	Record	et	al.,	
2013).	Most	importantly	from	a	conservation	planning	perspective,	
spatial	 SDMs	make	 use	 of	 the	 spatial	 information	 and	 dependen‐
cies	of	 the	species	and	environment	 in	 the	planning	units.	Habitat	
suitability	 predictions	 from	 spatial	 SDMs	 are	 generally	more	 con‐
tiguous	(Domisch,	Wilson,	&	Jetz,	2016)	and	less	patchy	than	those	
derived	from	non‐spatial	SDMs.	The	question	remains,	whether	such	
































through	 to	 the	 spatial	 conservation	 plans,	 and	 that	 those	 derived	
from	spatial	SDMs	would	differ	significantly	from	the	ones	based	on	
non‐spatial	SDMs.	We	test	these	hypotheses	in	three	case	studies	
covering	 terrestrial,	marine	 and	 the	 freshwater	 realms.	We	 do	 so,	
because	protected	areas	 in	each	 realm	are	 typically	planned	using	
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different	shapes	of	spatial	units	(grids,	hexagons	and	subcatchments,	
respectively),	and	the	planning	unit	shape	has	shown	to	impact	the	









relation	 in	 the	 species	data	 to	 see	whether	adding	 spatial	 random	

























gion.	 Fish	 detections	 and	 non‐detections	 were	 derived	 from	 the	
Southeast	Reef	Fish	Survey	 (SERFS)	 that	was	conducted	annually	
from	 1990	 to	 2013	 (Bacheler	 et	 al.,	 2014;	 SEAMAP‐SA,	 2017).	
Environmental	data	on	ocean	 topography,	currents,	nutrients	and	
light	 were	 obtained	 from	 the	 Bio‐Oracle	 (approx.	 9	km	 spatial	
grain	 at	 the	 Equator,	 Tyberghein	 et	 al.,	 2012;	 Assis	 et	 al.,	 2018)	
and marsPeC	 datasets	 (approx.	 1	km,	 Sbrocco	 &	 Barber,	 2013).	
All	environmental	data	were	harmonized	to	7,123	hexagonal	grids	
of	approx.	19	km2,	and	the	species	data	were	summarized	for	each	
hexagonal	 grid	 cell	 (created	 using	 the	 R‐package	 sP;	 Pebesma	 &	
Bivand,	2005;	Bivand,	Pebesma,	&	Gomez‐Rubio,	2013).
The	 freshwater	 case	 study	 (Figure	 1c)	 was	 based	 on	 detec‐
tion/non‐detection	 data	 of	 85	 fish	 species	 across	 the	 Danube	






climatic	 (Hijmans,	 Cameron,	 Parra,	 Jones,	 &	 Jarvis,	 2005),	 topo‐





sampling	 dates,	 were	 aggregated	 to	 the	 planning	 units.	 Within	
each	planning	unit,	environmental	data	were	aggregated	using	var‐
ious	 techniques	 (e.g.,	 average,	 standard	 deviation;	 see	 Supporting	
Information	 Table	 S1).	 In	 the	 freshwater	 realm,	 we	 summed	 the	









the	 highest	model	 evaluation	 scores.	Hence,	we	 aimed	 to	 get	 the	
best‐possible	model	predictions	for	each	realm.	The	set	of	predictors	
among	realms	is	different	as	each	realm	needs	to	take	realm‐specific	














is,	 those	 planning	 units	 that	 are	 directly	 adjacent	 and	 connected.	
In	the	freshwater	realm,	it	is	crucial	to	account	for	the	longitudinal	
connectivity	 among	 planning	 units	 (Abell,	 Allan,	 &	 Lehner,	 2007;	
Hermoso,	 Linke,	 Prenda,	 &	 Possingham,	 2011).	 Hence,	 the	 spatial	
connectivity	was	defined	as	all	upstream	subcatchments	connected	
within	 a	 100	km	 (as‐the‐fish‐swims)	 distance	 of	 a	 given	 subcatch‐
ment.	This	distance	was	chosen	as	a	trade‐off	between	hydrological	
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other	words,	 each	planning	unit	 “knows”	which	planning	units	 are	
connected	to	it.
2.4 | Detecting spatial autocorrelation





















and	environmental	 predictors	 as	 the	 response	 and	explanatory	 vari‐
ables,	respectively	(Vieilledent	et	al.,	2014):
where zi	is	a	random	variable	describing	the	binary	habitat	suitabil‐







where ρi	 is	 the	 spatial	 random	 effect	 of	 the	 planning	 uniti. ρi ac‐
counts	for	the	spatial	autocorrelation	of	the	presence	probabilities	
variability	 in	 suitability	 that	 is	not	explained	by	 the	environmental	
variables:
where μi	is	the	mean	of	ρi	in	the	neighbourhood	of	i,	Vρ	is	the	variance	
of	 the	 spatial	 random	effects,	 and	ni	 is	 the	number	of	 neighbours	
for	 the	planning	uniti	 (see	also	Latimer	et	al.,	2006,	 for	 the	formal	
















unit	 is	 due	 to	 imperfect	detection.	For	 instance,	 a	 given	 species	
was	observed	once	in	planning	units	A	and	B.	Planning	unit	A	was	
visited	once,	yielding	a	detection	probability	of	1,	whereas	B	was	
visited	 10	 times	 (yielding	 a	 detection	 probability	 of	 1/10	=	0.1).	







where yi	 is	a	vector	of	 the	 total	number	of	observed	presences	 in	
planning	uniti. zi	is	the	binary	habitat	suitability	in	planning	uniti	from	
the	suitability	process	(Equation	1),	and	ti	denotes	the	total	number	




































were	 kept	 constant	 (i.e.,	 identical	 random	 seed	 in	 the	 SDMs,	 and	
identical	predictors	and	species	data	 including	the	subsets	for	val‐
idation).	The	spatial	prioritization	was	undertaken	using	the	realm‐






converted	 to	 zero	 and	 values	 above	 the	 threshold	 retained	 their	
original	values.	This	overcomes	the	problem	of	inflating	the	spatial	
prioritization	with	many	planning	units	 having	 low	probabilities	of	
occurrence	 (e.g.,	 10	planning	units	with	probabilistic	 values	of	0.1	
would	equal	one	planning	unit	having	a	value	of	1).	Simultaneously,	
this	procedure	 retained	 the	 information	of	varying	probabilities	of	
occurrence	 (as	 recommended	by	Tulloch	et	al.,	2016)	above	a	cer‐
tain	level	of	confidence	as	given	by	TSS	(i.e.,	within	the	range	of	the	





for	 the	 terrestrial	 and	marine	case	 studies,	we	used	 the	QMarxan	
toolbox	 in	 QGIS	 (QGIS‐Development‐Team,	 2017).	 For	 the	 fresh‐
water	 realm,	we	 applied	 an	 inverse‐distance	 connectivity	 penalty,	
where	subcatchments	 located	closer	to	a	given	focal	planning	unit	
would	get	 a	higher	penalty	 if	 not	 chosen	as	part	of	 the	protected	
area	(opposed	to	those	planning	units	located	more	distant,	as	pro‐
posed	by	Hermoso	et	al.	2011).
We	 first	 calibrated	 the	 boundary	 length	 modifier	 (BLM)	 for	
our	analyses.	The	BLM	 is	dimensionless	and	balances	 the	spatial	
aggregation	 and	 patchiness	 of	 spatial	 plans.	 For	 the	 BLM	 cali‐
bration,	we	used	 the	 software	marxan	 v.2.43v	 (Ball	 et	 al.,	 2009)	
within	 the	 R‐package	marxan	 (Hanson	 &	Watts,	 2015).	We	 cre‐
ated	all	necessary	input	files	in	base	R,	except	the	“input.dat”	file,	
where	for	convenience,	we	used	the	marxan	R‐package.	We	then	
calibrated	 the	 BLM	 following	 the	 recommendations	 by	 Ardron,	
Possingham,	 and	Klein	 (2008).	 First,	we	 ran	marxan	with	 a	 fixed	
species	penalty	 factor	of	10,	and	BLM	values	set	 to	0,	0.00001,	






the	 spatial	 plans	 to	 visually	 confirm	 the	 increasing	 compactness	
derived	from	increasing	BLM	values.	In	a	second	step,	we	repeated	
the	 previous	 analyses	 and	 maps	 with	 setting	 the	 BLM	 ranging	




We	 then	 used	 the	 gurobi oPtimizer	 7.5	 software	 (Gurobi	
Optimization,	2017)	to	find	optimal	conservation	planning	solutions	
based	on	integer	linear	programming	(ILP)	within	the	R‐package	Pri-
oritizr	 (Hanson	et	 al.,	 2017).	 ILP	has	 shown	 to	out‐compete	 tradi‐




















For	 each	 realm	 and	model	 type,	 we	 compared	model	 accuracy	
given	the	model	evaluation	scores,	the	estimated	detection	prob‐
ability,	the	range	size	estimates	of	model	outputs	considering	all	
planning	units	 that	had	a	probability	value	above	 the	 threshold	
(equal	to	binary	predictions),	and	the	summed	probability	of	habi‐
tat	 suitability	 across	 all	 species	 within	 each	 planning	 unit	 as	 a	










Across	 the	 terrestrial,	 marine	 and	 freshwater	 realms,	 all	 but	
three	of	the	171	modelled	species	showed	a	significantly	positive	
spatial	autocorrelation	 (α	>	0.05	for	the	freshwater	fish	species	
White‐eye	 bream	 [Ballerus sapa],	 sunbleak	 [Leucaspius deline-
ates]	 and	 brown	 trout	 [Salmo trutta lacustris],	 see	 Supporting	
Information	 Table	 S2).	 Species	 occurrences	 across	 planning	
units	were	hence	non‐randomly	distributed,	warranting	the	use	













Spatial	 SDMs	 yielded	 generally	 more	 compact	 and	 less	 dispersed	
habitat	 suitability	 estimates	 (see	 exemplary	 maps	 in	 Supporting	
Information	Figure	S1),	and	this	effect	is	also	mirrored	in	the	range	
size	estimates.	Range	size	estimates	derived	from	spatial	SDMs	were	
significantly	 lower	 in	 the	 freshwater	 and	 terrestrial	 realms	 than	 in	
the	non‐spatial	models.	This	means	that	the	predictions	derived	from	










F I G U R E  2  Model	evaluation	scores	representing	AUC,	TSS,	sensitivity,	specificity	and	DIC,	as	well	as	the	estimated	detection	probability,	
summarized	across	33	terrestrial	(a–f),	53	marine	(g–l)	and	85	freshwater	species	(m–r)	derived	from	non‐spatial	(blue)	and	spatial	SDMs	
(green).	Bars	represent	median	values	and	boxes	the	1st	and	3rd	quartiles,	respectively
(a) (b) (c) (d) (e) (f)
(g) (h) (i) (j) (k) (l)
(m) (n) (o) (p) (q) (r)
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3.4 | Summed probabilities of habitat suitability
Across	realms,	spatial	SDMs	produced	on	average	a	lower	summed	
habitat	 suitability	 across	 planning	 units	 (i.e.,	 a	 proxy	 for	 species	
richness),	than	predicted	by	non‐spatial	SDMs	(non‐spatial	vs.	spa‐
tial	SDMs	in	the	terrestrial	realm:	3.00	±	1.28	vs.	2.37	±	1.00	plan‐
ning	 units,	 paired	 t‐test:	 t	=	61.845,	 df =	7,762,	 p < 0.001; marine: 
12.27	±	3.01	 vs.	 11.79	±	2.97	 planning	 units,	 mean	±	SD,	 paired	






All	 species	 targets	 across	 SDM	 types	 and	 spatial	 conservation	
plans	were	met	 in	all	 spatial	prioritization	 runs	 (data	 shown	 in	 the	
Pangaea	repository).	The	degree	of	spatial	overlap	of	potential	pro‐
tected	areas	derived	from	spatial	and	non‐spatial	SDMs	was	target‐




The	 number	 of	 required	 planning	 units	 increased	 linearly	with	 in‐




for	 a	 given	 solution	 between	 spatial	 and	 non‐spatial	 SDMs	 was	
within	a	margin	of	5%	(Figure	3b).	No	significant	differences	in	the	
number	 of	 planning	 units	 between	 spatial	 and	 non‐spatial	models	
across	conservation	targets	could	be	observed.
4  | DISCUSSION
Incorporating	 connectivity	 has	 been	 successfully	 adopted	 in	 sys‐










dispersal	 and	 connectivity	 characteristics.	 Moreover,	 (b)	 spatially	
explicit	 predictions	 provide	 lower	 range	 size	 estimates,	 indicating	






Spatial	 SDMs	 yielded	 habitat	 suitability	 predictions	 that	 were	
on	 average	 more	 accurate	 given	 their	 better	 model	 performance	
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thus	 reduced	 the	potential	 false	 absences	 caused	by	 the	 imperfect	


































































explicit	 modelled	 conservation	 features.	 In	 our	 study,	 the	 species	
data	 were	 contingent	 on	 publicly	 available	 survey	 data	 across	 the	







that	 else	 do	 not	 account	 for	 the	 fact	 that	 species	might	 be	 over‐
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